Genetic structure in large cohorts results from technical, sampling and demographic variation. Visualisation is therefore a first step in most genomic analyses. However, existing data exploration methods struggle with unbalanced sampling and the many scales of population structure. We investigate an approach to dimension reduction of genomic data that combines principal components analysis (PCA) with uniform manifold approximation and projection (UMAP) to succinctly illustrate population structure in large cohorts and capture their relationships on local and global scales. Using data from large-scale genomic datasets, we demonstrate that PCA-UMAP effectively clusters closely related individuals while placing them in a global continuum of genetic variation. This approach reveals previously overlooked subpopulations within the American Hispanic population and fine-scale relationships between geography, genotypes, and phenotypes in the UK population. This opens new lines of investigation for demographic research and statistical genetics. Given its small computational cost, PCA-UMAP also provides a general-purpose approach to exploratory analysis in population-scale datasets. 7 genomics | genetics | population structure | ethnicity | ancestry | machine learning | data visualization | dimension reduction 8 Author summary. Because of geographic isolation, individuals tend to be more genetically related 9 to people living nearby than to people living far. This is an example of population structure, a 10 situation where a large population contains subgroups that share more than the average amount of 11 DNA. This structure can tell us about human history, and it can also have a large effect on medical 12 studies. We use a newly developed method (UMAP) to visualize population structure from three 13 genomic datasets. Using genotype data alone, we reveal numerous subgroups related to ancestry 14 and correlated with traits such as white blood cell count, height, and FEV1, a measure used to 15 detect airway obstruction. We demonstrate that UMAP reveals previously unobserved patterns and 16 fine-scale structure. We show that visualizations work especially well in large datasets containing 17 populations with diverse backgrounds, which are rapidly becoming more common, and that unlike 18 other visualization methods, we can preserve intuitive connections between populations that reflect 19 their shared ancestries. The combination of these results and the effectiveness of the strategy on 20 large and diverse datasets make this an important approach for exploratory analysis for geneticists 21 studying ancestral events and phenotype distributions.
may be hidden by the projections or hard to interpret. 46 To display more of the high-dimensional features of the data in a two dimensional figure, we can 47 use non-linear transformations that seek to preserve the local structure of the data. A popular 48 method for visualization is t-distributed stochastic neighbour embedding (t-SNE) (8) . Whereas 49 PC projection is designed to capture as much variance as possible for a linear transformation, 50 t-SNE seeks a low-dimensional representations of the data that preserves pairwise distances, using 51 a probabilistic heuristic to weight mismatches. t-SNE has been used before to visualize SNPs (9) . 52 Using data from the 1000 Genomes Project (1KGP)(7), it groups individuals corresponding roughly 53 to their continent of origin, with smaller ethnic sub-groups visible within the larger continental 54 clusters (10) . However, t-SNE struggles with very large datasets, when a large number of locally 55 optimal configurations make convergence to a globally satisfying solution difficult. 56 Uniform Manifold Approximation and Projection (UMAP) is a new dimension reduction technique 57 grounded in Riemannian geometry, algebraic topology, and category theory, and designed to model 58 and preserve the high-dimensional topology of data points in the low-dimensional space (11) . The 59 assumption behind UMAP is that data are uniformly distributed on local manifolds in high-60 dimensional space, which can be approximated as fuzzy sets that are patched together to form a 61 topological representation. One can then construct a low-dimensional topological representation 62 that minimizes the differences between the two representations. With genotype data, UMAP creates 63 a neighbourhood around each individual's genetic coordinates and identifies a pre-selected number 64 of neighbours to build high-dimensional manifolds. The end result is a low-dimension representation 65 that groups genetically similar individuals together on a local scale while preserving long-range 66 topological connections to more distantly related individuals. The method has been successfully 67 applied to single-cell RNA sequencing datasets (12) . 68 A common practice in dimensional reduction is to first apply PCA to reduce the number of 69 dimensions before performing nonlinear dimensional reduction. In addition to being computationally 70 advantageous, this discards statistical noise that can confound nonlinear approaches: Population 71 structure arising from n isolated randomly-mating demes can be described by the leading n − 1 72 PCs, with the following PCs describing stochastic variation in relatedness (6) . Selecting the leading 73 PCs therefore has potential to extract meaningful population structure while filtering out stochastic 74 noise. 75 We explore different strategies to pre-process the data and investigate discrete and continuous 76 population structure patterns present in large datasets of human genotypes: the 1KGP, the Health 77 and Retirement Study (HRS) (13) , and the UK BioBank (UKBB) (14) .
78
Results. 79 Fine-scale visualization of the 1KGP dataset. The 1KGP contains genotype data of 3,450 individuals 80 from 26 relatively distinct labeled populations(7). Figure 1 shows visualizations using PCA, t-81 SNE, UMAP, and PCA-UMAP (that is, UMAP with PCA pre-processing). Using UMAP and 82 t-SNE on the genotype data presents clusters that are roughly grouped by continent, with UMAP 83 showing a clear hierarchy of population and continental clusters, whereas t-SNE fails to assign many 84 individuals to population clusters. Using either on the top principal components leads to more 85 distinct population clusters and less defined continental structure (see figure S2 for PCA-tSNE). 86 Adding more components results in progressively finer clusters until approximately 20 populations 87 appear using 15 components; further components gradually approach results similar to using the 88 entire genotype data (see figures S1 and S2).
89
Focusing on PCA-UMAP with 15 principal components (figure 1 (iv)), we also find several 90 Only a few individuals cluster differently than the majority of individual bearing the same 101 population label: a few Mexican individuals cluster with Spanish and Italian individuals, and a few 102 Puerto Ricans cluster with the African Americans and African Caribbeans, likely resulting from 103 ancestry proportions that differ from the majority. One Gambian-identified individual is present in 104 a cluster that is otherwise entirely Mende people from Sierra Leone. Only two populations form 105 multiple clusters: Gujarati Indians in Houston, Texas and Punjabi people in Lahore, Pakistan. This 106 clustering is robust to, e.g., the choice of the number of PCs considered (see figure S2 ).
107
Finally, contrasting UMAP and t-SNE, we find that UMAP preserves more of the global structure 108 of the data than t-SNE, and is more robust to choices of data pre-processing ( figure S2 ).
109
The genetic continuum of admixed populations. The 1KGP sampled individuals from relatively distinct 110 population groups across the world, which makes the data particularly easy to cluster. Most medical 111 cohorts comprise larger numbers of individuals sampled across extended geographical areas.
112
For example, the HRS contains genotype data of 12,454 American individuals across all 50 states 113 who have provided racial identity (10,434 White, 1,652 Black, 368 Other) as well as whether they 114 identify as Hispanic (1,203 total) and, if so, whether they identify as Mexican-American (705 115 total) (13) . We crossed these three variables to form a composite self-reported ethnicity resulting 116 in 10 categories (e.g. White Hispanic Mexican-American), and considered birth regions based on 117 the 10 census regions and divisions used by the US Census Bureau. Admixture proportions for 118 each individual were estimated in (15) by assuming ancestral African, Asian/Native American, and 119 European populations using RFMIX (16) . We have scaled these three proportions to values between 120 0 and 255, to color individual points by their estimated admixture represented by RGB where red, 121 green, and blue respectively correspond to African, European, and Asian/Native American ancestry. 122 Using the first 10 principal components and UMAP, we demonstrate projections that present a 123 collection of sub-populations and a continuum of genetic variation.
124
The HRS forms several large groupings and clusters, reflecting both ethnicity (figure S33) and 125 admixture proportions (figure 2). Gradients in admixture proportion are visible within the pre-126 dominantly Hispanic cluster, but not within the predominantly Black cluster, perhaps because the 127 variance in ancestry proportions is greater among Hispanics. The "White Not Hispanic" (WNH) 128 group forms several interconnected clusters, and these do not correspond to broad geographical 129 areas ( figure S34 ). The clarity of the interconnected clusters varies by parameterization, but they 130 consistently form a large, roughly connected group.
131
To investigate possible ancestries related to populations in the 1KGP we took two approaches. In 132 the first we generated PC axes and a UMAP embedding using UMAP and 1KGP data together 133 ( figure S36 ). In the second we used the PC axes and UMAP embedding generated in figure 2 and 134 projected 1KGP data onto it ( figure S35 ). Both approaches reveal substructure within the Hispanic 135 cluster, groupings of Finnish individuals within the WNH groups, as well as Italian and Spanish 136 individuals grouping near the White Hispanic population. One group of WNH individuals regularly appears at the periphery of the main cluster and does not cluster with any 1KGP populations. Similarly to UMAP, t-SNE applied to the UKBB data both displays diversity within the "White
194
British" population and identifies clusters among other groups. However, it has three drawbacks: it 195 is much slower, requiring 2.26 hours for its first thousand iterations alone on 10 principal components 196 against UMAP's 14 minutes; it fails to find a global optimum, which results in a scattering of 197 individuals and groups that are not stable across independent runs; and it does not identify continuity between different continental groups resulting from admixture ( figure S40 ).
199
Patterns in phenotype related to population structure. Our involvement with the UK biobank data is 200 through a project on autoimmune disease and asthma. More than in geographic coordinates, we 201 are interested in whether genetic population structure correlates with phenotypes and covariates of 202 interest.
203
Covariates such as height ( figure 6 ) and autoimmune and asthma-related measures (figures S7 to 204 S18) correlate strongly with both discrete and continuous population structure. Several populations 205 in figure 6 , including South Asian, East Asian, African, and several unidentified ethnic groups 206 have noticeably lower-than-average heights. More subtle patterns are also visible: the area of the 207 projection in figures 4b with the cluster of White Irish people appears more blue than the main body 208 of White British individuals; an unpaired two sample t-test of self-identified White Irish and White 209 British individuals reveals statistically significant differences in age-adjusted mean height between 210 the populations, with British males being taller on average by 0.846cm (p-value 2.10 × 10 −23 ) and 211 British females by 0.763cm (p-value 3.65 × 10 −23 ) (see figures S25 and S26 for boxplots). Height 212 differences between Irish and British populations have been previously observed but the direction of 213 the difference is not consistent (19, 20) .
214
Forced expiratory volume in 1 second (FEV1) (figures S11, S12) also shows strong correlations 215 with certain populations -South Asian, African, and Caribbean -having considerably lower 216 measurements on average (see figures S23 and S24 for boxplots and p-values). Notably, there appears 217 to be a juncture in the admixture continuum, highlighted in figure S31 , where the distribution of 218 FEV1 changes. This roughly corresponds to the transition from Black African/Caribbean individuals 219 which are hard to assess, but also in their strategy to optimize the metrics, which are amenable 232 to direct comparison. This is especially true with UMAP and t-SNE which, despite different 233 mathematical motivations, have computationally similar similarity matrices. Given that t-SNE 234 generated a smattering of clusters for the minority populations when applied to the UKBB, we 235 hypothesized that this was due to a convergence issue rather than a property of the global optimum To compare UMAP to t-SNE directly and assess the role of convergence, we ran UMAP and 238 Python's sklearn implementation of t-SNE, and a hybrid approach where the early exaggeration 239 phase of t-SNE (typically the first 250 iterations) has been replaced by a full UMAP run (600 240 epochs for the 1KGP data and 230 epochs for the HRS and UKBB data). The three approaches 241 produce similar results in smaller datasets such as the 1KGP and HRS, with the main differences 242 being in run-time and some qualitative factors such as clusters being more interconnected when 243 using UMAP (figures S41, S42). When applied to the UKbiobank, we find (perhaps subjectively) 244 that UMAP provides a more compelling visualization of the data compared to both version of 245 t-SNE. We also find that the hybrid approach produces a better value for the t-SNE metric than 246 the default t-SNE approach (figure S46), confirming that the default t-SNE optimization fails to 247 identify the global t-SNE minimum. Qualitatively, the standard t-SNE initialization generated a 248 large number of arbitrary clusters, while initializing t-SNE with UMAP preserved much of the large 249 scale structure created by the UMAP embedding but broke the global continuity between clusters 250 ( figure S43 ). An animation of t-SNE iterations starting from the UMAP embedding can be seen 251 in the supplementary files. Given the many desirable properties of UMAP, such as computational 252 performance and intuitive placement of individuals within a global genetic continuum, we conclude 253 that UMAP is a superior alternative to t-SNE for large and diverse genomic datasets.
254
Discussion. Understanding population structure is important to identify confounders in medical 255 genomics and studies of anthropology and human evolution. PCA of genomic data reflects genealogical 256 and geographic data, but visualization in large datasets still requires scanning through a large 257 number of pairwise plots. UMAP condenses these components and comprehensively illustrates 258 information -phenotypic, geographic, and ancestral -contained within genotypes on fine-scale 259 levels and within the context of a global population structure. In large datasets where the number 260 of significant PCs is large, the resulting representation has important advantages over PCA alone 261 and provides a superior visualization to t-SNE.
262
Examinations of clustering in the three datasets provided many intriguing clusters that would 263 otherwise have been difficult to identify. In particular, several areas from figure 4b, highlighted in 264 figure S6 , show multiple unidentified groups related to each of the East Asian and South Asian 265 super-populations, as well as to either or both of African or admixed populations. Additionally, the 266 Hispanic population of the HRS contains a geographically-restricted cluster that could not have been 267 identified from pairwise examinations of principal components. The 1KGP -frequently used in 268 medical and population studies -contained splits in the Gujarati and Punjabi population samples 269 that were not visible PCA or Admixture analysis alone (although a split among Gujarati is arguably 270 visible in the Admixture analysis with K=12 in (7)).
271
Application to the UKBB underscores the strength of PCA-UMAP in large cohorts. We see 272 clear, fine relationships between genotype and phenotype and geography, and this is presented in 273 a visualization that accounts for natural genetic clustering. Figures 6, S11, and S6 demonstrate 274 phenotypic variation within and across clusters, with phenotypes such as height showing continuous 275 variation across admixture edges, as expected from genetically controlled traits, and others, such as 276 leukocyte counts or FEV1, showing sharper boundaries, as expected from environmentally determined 277 traits.
278
Importantly, using UMAP is straightforward and fast. Most of the plots presented in this article 279 were generated directly from the PCA data using UMAP with default parameters, except that we set 280 the "minimum distance" parameter to 0.5 which made fine features on UMAP more visible (results 281 with default parameter 0.1 provided qualitatively similar results). Given PCA data and a desktop 282 computer, UMAP can be performed in 15 to 25 minutes on a sample of hundreds of thousands of 283 individuals over tens of dimensions.
284
There are downsides to using nonlinear approaches to visualize the data. Both UMAP and t-SNE 285 are sensitive to sample size, and spend more visual real estate for populations with larger sample 286 sizes compared to PCA. This is useful to identify significant patterns in a cohort, but it makes 287 comparing visualization across cohorts difficult. Nonlinearity also complicates the interpretation of 288 results. Distances in UMAP or tSNE space should not be used as a proxy for genetic distance. We 289 did not assign meaning to wiggles in UMAP figures, which occurred consistently in the UKBB but may be an artifact of the dimensional reduction strategy rather than a meaningful feature of the Supporting Information (SI). iterations. The UMAP-initialized graph has been shifted by 600 iterations to approximate the 600 epochs UMAP uses for small datasets (n ≤ 10, 000). iterations. The UMAP-initialized graph has been shifted by 230 iterations to approximate the 230 epochs UMAP uses for large datasets (n > 10, 000).
Diaz-Papkovich et al. iterations. The UMAP-initialized graph has been shifted by 230 iterations to approximate the 230 epochs UMAP uses for large datasets (n > 10, 000).
